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Abstract
Yellow rust (YR) disease of wheat is one of the major threats to worldwide wheat production, frequently and
rapidly spreading to unexpected geographic locations. To cope with this threat, integrated pathogen
management strategies use disease-resistant plants, sensor technologies for monitoring, and application of
fungicides as preventive or curative acts of mitigation, bearing their monetary and environmental costs. This
work presents a methodology for timely detection of YR using reduced hardware and software requirements.
Such simplifications may enable frequent and detailed monitoring of YR spreading, hence providing the
opportunity to focus the mitigating efforts, which is critical for successful integrated disease management.
The method is trained to detect YR symptoms using reflectance spectrum (VIS-NIR) and classification
algorithm, at different stages of YR development, and to distinguish them from typical defense responses
occurring in resistant wheat. A classification method was trained and tested in four different spectral datasets,
and the results show that using either full spectral range, selection of top 5% significant spectral features, and
conventional multispectral bands (five bands) early detection of YR in infected plants displays a true positive
rate of ~86%, for infected plants. The same data analysis with DSLR camera bands provided a true positive
rate of 77%. The developed method has laid the foundation for high-throughput YR screening in the field,
using multispectral sensor of digital camera that can be mounted on autonomous vehicles or a drone as part
of an integrated disease management scheme.
Keywords: Wheat yellow rust; Random forest; Early detection; Hyper-spectral; Multi-spectral;
Spectroscopy; Sensing; detection
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Introduction
Wheat is a major source of starch and energy, and provides substantial amounts of essential or beneficial
components such as protein vitamins and phytochemicals (Shewry and Hey 2015). It provides more than
20% of the total dietary calories and proteins worldwide for more than 4.5 billion people in more than 100
countries (Goutam et al. 2015; Shiferaw et al. 2013). Meeting the economic challenges resulting from
worldwide population growth, increase in energy consumption, aging population, and the reduction of rural
areas requires structural change of economies such as agricultural investments and growth of yields (FAO
2017). Unfortunately, wheat production is threatened by yellow rust (YR), named also stripe rust, a disease
caused by the fungus Puccinia striiformis f. sp. tritici (Pst); one of the most devastating fungal diseases on a
global scale (Devadas et al. 2009). More than five million tons of wheat production, valued at around one
billion USD, are estimated to be lost annually due to this pathogen (Beddow et al. 2015). Additionally, global
warming is expected to lead certain plant pests and pathogens to spread into larger areas due to evolvement
of new, more aggressive and adapted strains (Bebber et al. 2013), which may affect crop varieties that are
now resistant or tolerant. One example of this is the evolution of strains of wheat YR that have adapted to
higher temperatures and damaged wheat crops, in territories where YR has not been reported previously
(FAO 2017). Current approaches for reducing the negative impact of YR on wheat include a combination of
breeding for resistance in modern cultivars (Fu et al. 2009; L. Huang et al. 2016; Uzogara 2000) and precision
agriculture technologies that enable disease forecasting and detection (Hodson 2011; Mahlein 2016).
Planting disease-resistant varieties is one of the most efficient methods for wheat YR management. However,
due to co-evolution between the host wheat and the fungal pathogen, Pst can overcome the resistance
mechanism provided by YR-resistant genes (Hovmøller et al. 2016; Wellings 2011). Detecting these cases
where wheat resistance is overcome by the pathogen can be challenging. For example, resistant wheat
varieties may not look green and healthy upon Pst inoculation, and will instead have symptom-like yellowing
of the leaves due to the Hypersensitive Response (HR) resistance mechanism (Pretorius et al. 2017).
Therefore, HR can be hard to distinguish in some cases from yellow fungal sporulation on susceptible plants.
The recently cloned Yr15 gene provides resistance against more than 3,000 Pst isolates with high level of
immunity and only limited HR (Klymiuk et al. 2018), can be used as a good model for YR spectral studies
eliminating possible errors due to misidentifying HR as YR. Despite this, additional surveillance of pathogens
is needed due to the lack of predictability of emergence of new races with high epidemic potential (Ali et al.
2017).
Precision agriculture (PA) definitions incorporates quite a few interpretations of farming management by
observing and responding to spatial and temporal variability in the fields, using information delivered by
different technologies (Fountas et al. 2015; McBratney et al. 2005). Numerous approaches to address this
issue use a variety of sensors such as spectral, visual, thermal, and inertial, across a range of spatial and
temporal scales- from contact probes and ground-based (point detectors, standoff) detectors, to (high and low
altitude) airborne and satellites detection, as outlined hereunder.
Huang et al. suggested applying multi-temporal airborne hyperspectral (HS) images and a binary linear
regression model, to identify and map severity levels different of stripe rust infections.(L. S. Huang et al.
2012) Since HS and high-resolution satellite\airborne observations are relatively rare, Zhang et. al (J. Zhang
et al. 2011) evaluated a spectral knowledge base approach, by using simulated data and moderate resolution
satellite HS data, to estimate YR severity with a disease index and degrees of disease severity, providing a
satisfactory level of accuracy for simulated data only. Remote and standoff sensing of wheat were used to
quantify YR levels in winter wheat, suggesting photochemical reflectance index as an indicator for HS remote
detection (W. Huang et al. 2007). Zheng et al proposed technical basis for wheat disease detection and
prevention in the early-mid growth stage, and the estimation of yield losses in the mid-late growth stage,
provided by proximity measurements from 1.3 m by means of a HS spectrometer. (Zheng et al. 2019) YR
severity was estimated through the photochemical\anthocyanin reflectance index, calculated for several
possible three-band combinations.
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Another approach, for close proximity range, is to use wireless sensor network (WSN) based applications.
WSN usually employ simple sensors, measuring humidity, pressure, and temperature, localization, tracking,
micro-radars, and imagery, thereby allowing monitor a wide range of surroundings to obtain precise
information from the field. (Díaz et al. 2011; Jawad et al. 2017; Ojha et al. 2015) Since WSN’s monitors the
surrounding climate and soil it can aid in preventive (and preservative) application such as monitoring system
for wheat meteorological disasters (Du et al. 2017), or predicting disease probability due to weather
fluctuation (Datir and Wagh 2014). It suitable to use for expected scenarios, by predetermined program
management and provides farmer’s a way to find out the actual requirement of crops. Similarly, field-based
platforms can combine heterogeneous sensors, thus are capable of collecting local information at high spatial
and temporal resolutions. One can acquire accurate knowledge of the ground characteristics by incorporating
visual, thermal, spectral, and inertial sensors to allow highly informative soil maps to be built on a narrower
scale compared to traditional remote sensing methods (Milella et al. 2019).
Both approaches have limitations: filed based and WSN applications need to be placed and install in advance,
and satellite observations have limited temporal and geographical coverage, and suffers from poor resolution,
limited temporal coverage, and environmental (e.g., atmospheric, cloud cover). Fortunately, similar
operations can be conducted by using Unmanned Aerial Vehicles (UAVs), or drones, enabling precision
agricultural and smart farming applications, from mapping and surveying to crop-dusting and spraying.
(Tsouros et al. 2019). As opposing to satellites, which are expensive and restricted due to availability
limitations logistics, UAV’s are affordable, have cm-scale resolution (Houborg et al. 2015) and are not
limited by time and space, which makes them suitable for identifying within-field variations. Another
advantage is the reduced atmospheric interference in short range optical measurements compared to remote
sensing.
The corresponding studies described above demonstrate the use of spectral reflectance spectroscopy
measurements in quantifying the severities of plant diseases, and multi-sensor approach for environmental
monitoring for prevention and crop management. This study uses optical spectroscopy, coupled with a data
interpretation, aimed at timely detection of YR for PA and farming management. While many conventional
treatments for YR are ineffective in curing a plants once the disease is fully developed, timely detection
provides a time window for focused treatment on the farm level. Such capability enables the reduction of
chemicals used without compromising treatment efficacy. An important step in the application of this method
is to study the trade-offs between system complexity (dimensionality reduction and low cost hardware) and
performance. Namely, what are the spectral features that are crucial for the detection of YR and classify it
according to the disease’s spreading severity. Hence, this work studied the effect of decreasing the
dimensionality of acquired data and hardware requirements. This is performed by using a statistical learning
approach for data interpretation, investigating several data dimensionalities. This study presents preliminary
results of utilizing spectral data in several dimensions and makes it suitable for use at field scales either by
UAV or manually, as nearly every person has daily access to high level digital camera sensors (by mobile
phone etc.). This method may also benefit from the development of IOT when every farmer will be able to
load data to a cloud and use central computing effort through ML based algorithms for early disease detection.

Review of Wheat Disease Detection Methods
Many studies have used spectral reflectance measurements in quantifying the severity of YR across multiple
scales using laboratory, field-based, and satellite technologies. Imaging spectroscopy has been widely used
to provide reflectance data across a continuous spectrum (i.e., visible and near infrared), and has been
successful in previous YR detection approaches. Decreased chlorophyll content and photosynthetic capacity
in wheat leaves imply plants general stress, as infection of YR (Chang et al. 2013), and proved to be
negatively correlated to YR (He et al. 2018) thus may be used for YR detection. Kuckenberg et al. (2009)
suggested fluorescence imaging for early pathogen detection and visualization during early development of
YR, providing detection 2–3 days before visual symptom. However, it required pre-darkening adaptation of
the leaf, thus restricting field detection to the nighttime. Combined monitoring of chlorophyll and HS imaging
provided YR spores identification on the sixth day post-inoculation at laboratory conditions, provided
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theoretical guidance for early detection applications (Yao et al. 2019). X. Zhang et al. (2019) used low altitude
(30 m) to combine high resolution spectral and spatial information through HS imagery, for automated
detection of yellow rust with deep convolutional neural networks and RF. It presented 85% accuracy, but
some of the data was sampled at severe stages of the disease, about 4 weeks from infection. Handheld
spectrometers, combined with machine learning algorithms, have been used for identification and disease
index inversion of wheat rust at the canopy level (Qin et al., 2015). The use of UAVs combined with
hyperspectral imagers have expanded the capabilities of imaging spectroscopy across larger spatial scales.
Multi-temporal airborne hyperspectral images and a binary linear regression model were used to identify and
map severity levels different of stripe rust infections (L. S. Huang et al. 2012). While HS imaging generates
valuable and detailed spectral and spatial data, HS methods require expensive hardware, suffer from high
data dimensionality and low spatial and temporal resolution, require large data storage capacities, and often
require more complex analyses, which makes it less suitable for the development of rapid disease
detection.(Franke and Menz 2007; Mahlein 2016)
In an effort to reduce hardware and data analysis requirements, vegetation indices have been widely
developed and used to detect and classify wheat rust by selecting disease-sensitive bands. Franke and Menz
(2007) examined NDVI data processing of multispectral data for early detection of powdery mildew and leaf
rust, concluded that multispectral remote sensing data have a low spectral and temporal sensitivity to detect
initial infection stages. Measurements from shorter ranges provided better results, since the amount of mixing
between the signal arising from the wheat and the background may be reduced thanks to the improved spatial
resolution, additionally, other artifacts arising from the atmosphere are minimized. For example, a handheld
NDVI spectral sensor and non-linear regression analysis was used to determine YR disease severity in a
genetic mapping study (Pretorius et al., 2017). Proximity spectrometer measurements were used to calculate
three-band spectral indices for wheat disease detection at different wheat growth stages, and accuracies of
80.6% and 91.9% were achieved at early and late growth stages, respectively (Zheng et al. 2019). The Red
Edge Disease Stress Index was developed using Sentinel-2 multispectral imagery and a random forest
classifier and achieved an overall YR detection accuracy of 84.1% (Zheng et al., 2018). Spectral vegetation
indices (SVIs) have been widely used to reduce data dimensionality and detect different plant diseases. Two
SVI’s were developed from hyperspectral data using an exhaustive search of all wavelengths and had overall
YR classification accuracies of 89.5% and 86.5%, but faced with much difficulty at early symptoms of YR
(Ashourloo et al. 2014a). Furthermore, comparing several SVI’s shows sensitivity of SVI values to disease
severity, as the collected spectrum become more complex as disease symptoms increases and classification
accuracy decreased as the disease severity increases (Ashourloo et al. 2014b).
Also, it should be noted that the spectral index approach is subject to the available bands of the sensor and
the detection algorithm being used. For instance, it has been suggested that ratio of reflectance in the green
to red region is the most efficient indicator for wheat rust detection (Devadas et al. 2015), while others have
recommended using the bands 705 nm and 725 nm (Moshou et al. 2004). Further reducing hardware and
software requirements, Baresel et al. (2017) suggested using consumer camera as a successful alternative to
both spectral measurements and SPAD chlorophyll measurements, using basic image analysis procedures,
namely segmentation and color analysis. Several applications of image analysis in the visible spectrum for
disease severity, diagnosis of plant diseases and other disorders were surveyed by Bock et al. (2010). Mahlein
(2016) presented research results and indicated methods of sensor imaging and data analysis for the diagnosis
and detection of diseases in crop production, from RGB (Red-Green-Blue channels) sensors to multi and HS.
Automated crop disease pattern recognition system identify crop and assess diseases (such as YR) severity
based segmentation, feature analysis and classification were also explored (Han et al. 2016; Xu et al. 2017).
VIS-NIR (800-2500 nm) range provides rapid nondestructive measurements for agriculture, ecology,
geology, food industry and more, through various analytical techniques (Manley 2014; Sendin et al. 2018).
Classification trees, i.e. binary tree structured classifiers which is the fundamental building block of random
forest (RF) classification (Breiman 1996), are useful in predicting class association of an observation using
a large set of covariates. (Breiman et al. 1984). As RF provide measures of predictor importance (Archer and
Kimes 2008), it was used not only for classification, but also as an effective predictor importance measure.
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Thus, it enables to determine the spectral wavelengths necessary to be measured. A comparison between RF,
probabilistic neural network (PNN), back-propagation neural networks (BPNN), and SVM for early detection
of diseases in grapes in an uncontrolled environment resulted in a superiority of RF in terms of classification
accuracy (Sandika et al. 2017). Knauer et al. (2017) presented improved classification accuracy by using RF
inherent attribute (predetermined ensemble size, picking the required predictors), and increased efficiency
(by parallel computation) of powdery mildew infection levels in wine grapes. Multispectral, high-resolution
satellite data was used to map the presence of rust in wheat fields in China, using both support vector
machines (SVM) and RF classifiers to achieve accuracies of 91.45% and 94.8%, respectively; however, this
approach only used binary classifiers and did not distinguish between levels of disease severity (Chen et al.
2018). Another RF-based method was applied to multispectral data collected from a UAV to classify imagery
into healthy, moderately diseased, and severely diseased plant material with 89% accuracy 45 days after
inoculation (Su et al., 2018). Beyond the above presented performance superiority of RF, the presented study
uses RF to provide predictor (i.e. spectral predictor, measured wavelength) selection by its discriminative
ability to give insight to the most important covariates with respect to the derived classifier. The presented
RF technique is an ensemble classifier – a predictive model, which is based on individual or multiple
classifiers with weighted combination. This approach can overpower possible flaws such as over-fitting or
train-set noise, by combining the results of individual supervised classifier or a number of different classifiers.
The RF, a specific case of bootstrap aggregation (i.e. bagging), can avoid finite size effects of the data, and
has been proved as an accurate supervised learning classification method (Breiman L. 2001; Svetnik et al.
2003). By bagging, one can use weak and unstable learners, such as classification trees, to produce a
predictive model through averaging or other voting procedures. The presented work elucidates the effect of
decreasing the dimensionality of acquired spectral data by using a statistical learning approach for data
interpretation and investigating several data dimensionalities.

Materials and Methods
Biological Sample Preparation and Labeling
In the current study we used two near isogenic lines (NILs) of bread wheat (Triticum aestivum), one with the
stripe rust resistance gene Yr15 (Avocet+ Yr15) that confers resistance to YR, and one without it (Avocet
S), therefore susceptible to YR. Avocet+Yr15 carries a 1BS chromosome segment introgressed from wild
emmer wheat (T. turgidum ssp. dicoccoides) that harbours Yr15 (Klymiuk et al. 2018). For obtaining infected
leaves, the plants were inoculated at the two-leaf stage with fresh urediniospores of YR isolate #5006 (race
38E134) suspended in Soltrol® 170 light oil (Chevron Phillips Chemical Company, The Woodlands, TX,
USA) and dispersed using an airbrush spray gun (Revell, Bunde, Germany). Inoculated plants were kept in
a dew chamber (100% humidity) at 10°C for 16 hours in the dark followed by 8 hours of light. The plants
were then transferred to a growth chamber (70% humidity) at 15°C with a light intensity of 150 µmol m-2 s1
for 16 hours followed by 8 hours at 10°C in darkness for the remainder of the experiment.
A total of 955 samples of susceptible and resistant plants at different stages of YR infection were measured.
Representative samples are depicted in Fig. 1, showing healthy wheat leaves and leaves at different stages of
the YR and HR development. The figure presents all of the main ‘categories’ of measured leaves, which are
(from top to bottom): healthy, early HR, developed HR, onset for sporulation and sporulation. The fully
developed YR symptoms appear at the bottom leaf (E), which was sampled 14 days post inoculation. In
contrast, the healthy (non-infected) leaf (A), is distinguishable based on its fresh green appearance. The other
leaves are rather similar (B-D), thus, application of a unique label for them is challenging for nonpathologists. Thus, two different labelling systems were considered. The first labelling system was based on
the biological condition of the leaf, while the latter was based on visual inspection. The biological labels
consisted of the following four labels: Susceptible Non-Infected (SNI); Resistant Non-Infected (RNI);
Susceptible Infected (SI); Resistant Infected (RI). The ‘visual label’ contained the following six labels: (1)
Green looking healthy leaf; (2) HR, early stages; (3) HR, fully developed; (4) Onset for sporulation; (5)
Sporulation early stages; and (6) Sporulation final stages.
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It is important to note that the ‘visual label’ system is diagnostic and ignores the biological identity of the
sample, it contains some variety of leaves stages, and might be subjected to the labeling pathologist. The leaf
in panel ‘E’, i.e. stage ‘5’ represent worst case of this label, as it is day 14 post inoculation (most leaves with
this label are from day 12). Stage ‘6’ (not included in the figure) includes leaves at day 30 post inoculation,
and was used for ‘control’, to make sure that it is not classified as early stage. The difference between the
two labeling systems is pronounced. For example, a sample labeled as ‘1’ can belong to any of the biological
labels, as long as it does not exhibit any apparent symptoms. Visual labels ‘4’-‘6’ may be applied to leaves
across the biological label SI at different stages. This is explained in Fig. 1, where each leaf gets its
appropriate label. All visual labels can apply to panel ‘A’. The two labeling systems, i.e. ‘theoretical label’
and ‘visual label’ will be compared in the results section
Each leaf was measured manually at several random sites on its surface. The samples are not preprocessed
using extraction techniques or by physically modifying the sample to fit precise optical setup. Hence, the
results contain some noise that challenges the classification process.
Vis-Label

Bio-Label

1

RNI/SNI

2

RI

3

RI

4

SI

5

SI

Fig. 1 Representative wheat leaf samples, and applied labels (from both labeling system). The presented
leaves ranging from a green fresh healthy leaf to different stages of YR and HR. From top to bottom: a)
Healthy (SNI) or Resistant Non Infected (RNI); b) Early stages of HR (Resistant Infected (RI)); c) HR fully
developed (RI); d) Infected leaf (SI); e) Infected leaf, sporulation (SI)

Spectral Measurements
Spectral measurements in the VIS-NIR wavelengths were conducted with a spectrometer (ASD FieldSpec®
4 Hi-Res) at 350 – 2500 nm, producing 2151 data points for each measurement. The spectral resolution was
3 nm @ 700 nm / 8 nm @ 1400/2100 nm, and spectral sampling (bandwidth) of 1.4 nm @ 350-1000 nm /
1.1 nm @ 1001-2500 nm. The leaves where sampled in the laboratory, fresh from the pot, using an original
accessory sampling contact probe, consisting of a Halogen lamp and a collecting fiber as input. In addition
to the spectral measurements, leaves at different stages of disease development were photographed using a
digital camera (Nikon D810) and a 105 mm macro lens.
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Classification
Estimation of YR development stages was provided by classification of wheat leaves into different classes
of disease severity, from healthy, through early stages, to advanced sporulation (see Fig. 1). Classification,
or predicting a class response, is a statistical process that can be realized through statistical modeling
approaches, such as machine learning (ML). While each algorithm has some advantages, there is no obvious
solitary solution to a specific problem. Most models, whether they are a ML (such as NN, KNN, SVM) or
discriminant analysis tool, are very useful for classification tasks, but do not provide straight forward insight
to the estimator’s importance and may demand data dimensionality reduction prior to inferring the classifier.
RF is a robust classifier that enables such insights, and also able to deal with high dimensional data, complex
interactions and correlations between variables, which enables estimators selection for data reduction,
(Hapfelmeier et al. 2014; Kursa 2014).

RF procedure
Before the bagging procedure, the data was divided randomly to train set (70% of the data), and test set (30%
of the data). Since the classification process is affected by the selection of the training set (Grabmeier &
Lambe, 2007; Rokach & Maimon, 2005), the validation process was carried out in an iterative fashion, where
in each iteration a new training set from the entire dataset was randomly chosen, in order to mitigate posible
training set selection effects. The remaining samples, at each iteration, were used for validation. The bagging
procedure used a random subset of the training set for training the classifier (each of these subsets contains
about two-thirds of the train set) and the remaining third used as a cross-validation for error estimation
(termed “out-of-bag error” – OOBerr), where the final classification is provided by averaging or majority
votes of each tree’s decision from all sub-sets (Breiman L. 2001).
First, the OOBerr, or the misclassification probability, was computed to estimate the number of required trees
in the RF. Obviously, increasing the number of trees decreases the OOBerr until it stabilized at a minimal
value. Moreover, since in each tree node the predictors are selected randomly, the correlation between the
trees in the forest decreased, and the total error rate also decreased. Based on the OOBerr, the OOB
importance was computed by the difference of a tree’s OOBerr before and after random permutation of a
predictor variable: if the predictor and the response are not associated, permutation will not influence the
error, and the error difference is low (low importance); whereas if the predictor and the response are
associated, the error difference will rise by permutation (high importance). The OOB importance enabled the
examination and measurement of each predictor’s contribution to the learning process. High importance score
infers that this predictor highly contributes to the learning process. Negative values state that this predictor
is noisy. Hence, a predictor can even harm the learning process.

Predictors Selection
The RF classification procedure was applied in four spectral domains: 1) full spectrum containing 2151
predictors (wavelengths), 2) reduced predictor space (108 wavelengths) derived by predictor importance, 3)
five spectral bands, and 4) three spectral bands, RGB which are available in consumers’ camera. Taking
advantage of the fundamental attribute of RF to score predictor importance by sorting predictors according
to their contribution, can improve the classification process by providing better performance, as demonstrated
by Archer and Kimes (2008). Another benefit is reducing the required resources for data analysis, and simpler
data collection by using multispectral sensors. To simulate multispectral measurements, according to
procedure number 3, RF classification was applied on five spectral bands, resampled according to AltumTM
by MicaSense (https://www.micasense.com), as detailed in Table 1.
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Table 1. Spectral bands for five multispectral bands, AltumTM by MicaSense

Band
Center [nm] Bandwidth [nm]
Blue
475
20
Green
560
20
Red
668
10
Red edge
717
10
Near Infra-Red
840
40
Pushing the predictor selection further, the use of standard consumer DSLR cameras (RGB), was examined
(procedure number 4), and RGB camera channels were simulated by using the corresponding RGB bands.
Table 2 details the RGB spectral bands in common RGB cameras.
The sampled data, containing 955 spectral measurements, was analyzed using both labeling systems, in all
four domains. The results are presented in terms of confusion matrix, comparing the true class (y-axis) with
the class predicted by the classifier (x-axis). The diagonal terms represent successful classification and the
off-diagonal represents incorrect classification. All quantitative terms are also represented by color. The
correctly classified measurements, termed accuracy, is defined as the relation between the true terms
(diagonal terms) and the total true and false terms (the whole matrix). Beside each chart, a row-normalized
row summary and a column-normalized summary are displayed. The vertical row-normalized summary
represents the true positive and false positive rates (also denoted as class-wise recalls, i.e. the percentages of
correctly\incorrectly classified observations for each true class); the horizontal column-normalized summary
represents the positive predictive values (also denoted as class-wise precisions, i.e. percentages of correctly
and incorrectly classified observations for each predicted class).
Table 2. Typical spectral bands for RGB commercial DSLR camera

Band Center [nm] Bandwidth [nm]
Blue
440
120
Green
525
150
Red
630
140

Results
Data Exploration
Typical infected and non-infected wheat leaves are shown in Error! Reference source not found.a, where
the leaves on the right are green healthy and the left leaves show fully developed symptoms with abundant
sporulation on the susceptible Avocet S plants (classified as label ‘6’). Error! Reference source not found.b
presents a typical spectrum from fully developed YR, obtained by dividing the trace from a leaf with a fully
developed YR by the trace of a healthy leaf. This ideal clean spectrum of YR spores does not reflects the
expected measured spectrum of infected leaves, at any stage; however, it presents the main absorption peaks
of YR. These peaks are located around 668 nm, 1450 nm, and 1935 nm. Two additional peaks, often
truncated, are located at the edges of the spectrum at 380 nm and 2470 nm. As indicated in Error! Reference
source not found.b (and later on Fig. 5b) a considerable number of significant predictors accumulate in the
visual and near IR spectrum (VIS-NIR). Error! Reference source not found.c presents the data from the
RGB photo of Error! Reference source not found.a after processing, in which the data in the green channel
is subtracted from the red channel. It shows that even with a minimal data set of a few channels, fully
developed YR can be detected.
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The results shown above suggest that fully developed YR may be detected using relatively simple means. It
will be shown later that using RF classification of wheat plants can provide timely detection of infected crop
for the cases shown in Error! Reference source not found., in which the difference between leaves at
different stages appear to be subtle.

(a)

(b)

(c)
Fig. 2 Visual appearance and spectral response of
infected and healthy leaves. a) Leaves with
developed YR infection at final stages (left),
compared to healthy leaves (right). b) VIS-NIR
spectrum of the infected leaves of figure (a). c)
Enhancement of figure (a) by subtracting the
green channel from the red one

One of the parameters that have to be considered when using RF classifier is the size of the forest, namely,
how many decision trees are to be included in the classification process. Fig. 3 shows the OOBerr (Breiman
2001) as a function of the number of trees, classifying the dataset described above, utilizing the entire
spectrum of each measurement. The graph shows that the error decreases with the number of trees up to about
100 trees, where it reaches its minimum value of 25%. The following RF calculation used 150 trees, assuring
that the OOBerr is at its minimal value.
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Fig. 3 An example of the calculated Out-Of-Bag error rate vs. number of grown trees used for the
classification. The error rate decreases to a constant value of ~25-28% when the number of trees exceeds
60
In order to account for possible variations in the results due to the random selection of training set and outof-bag samples, the classification is repeated 10000 several times. The resulted standard deviation in the
results was small- standard deviation of the computed accuracy <1% which is negligible in this case.

Classification of Hyper-Spectral Data
RF classification was applied to the collected data. Fig. 4 represents the classification into biological labels
(a) (i.e. SNI, RNI, SI, RI) and visual labels (b). The classification accuracy was 81.5% and 74.2% for the
biological and visual classifications, respectively. For the biological labels, the true positive rates (TPR) for
the infected labels SI and RI were 86.5% and 83.8%, respectively. For the visual labels, the TPR was 87.5%
for final stages of sporulation (Label 6). The TPR for Labels 4 (onset for sporulation) and 5 (sporulation early
stages) were 53.3%, and 92.2%, respectively. It is to be noted that the green healthy areas of the leaf spatially
dominate the sampled area in all measurements. This is indicated by the higher misclassification of Label 2
(HR, early stages) as 1 (green looking healthy leaf). This is expected because the spectral (and visual)
differences between samples labeled as 1 or 2 are minor.

(a)
(b)
Fig. 4 Confusion matrix of RF classification with the full spectrum the numbers located on the diagonal of
the matrices indicate the number of accurate classification for each class, the off-axis are the false
identifications. (a) using the biological set of labels; (b) using the visual set of labels
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Classification Using Reduced Predictor Space
The properties of all predictors was examined prior to reducing its number, by examining the ‘per sample
error rate’ which is the relative misclassification for each sample. This error rate was averaged from the
following procedure: 400 train sets were selected randomly, and each train set was processed 100 times using
RF, which yielded 40,000 forests. Due to the noisy nature of the measurements, some of the samples were
more prone to misclassification than others. However, there were no chronically defective samples that
cannot be classified correctly – no outliers. The error rate fluctuates from negligible, up to 6.9%, with an
average of 0.2%, standard deviation of 0.22, and median of 0.1%. Fig. 5 depicts the predictor importance for
all 2151 spectral channels. It is noteworthy that there are numerous negative values, indicating insignificant
spectral channels across the spectrum. The top 5% significant channels are located around 500-700 nm, 1400
nm, and 1900 nm, which is in agreement with the reflectance spectrum presented in Error! Reference source
not found.b.

Fig. 5 Predictor importance (OOB importance), indicating the contribution of each predictor to the RF.
The top 5% are marked in black
Based on the presented in Fig. 5, the data has been classified with the exact same RF procedure using the
selected predictor space, where the results are presented in Fig. 6. The results are very similar to those
obtained using the full spectrum, with a slight decrease of about 1.5% - from 81.5% to 79.9% (Biological
labels), and from 74.2% to 73.1% (Visual labels). The performance for the significant labels, i.e. RI and SI
(Biological labels), and 5 (Visual labels) are also similar.

(a)

(b)
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Fig. 6 Confusion matrices showing the classification using the selected predictors (top 5%): (a) using the
biological set of labels; (b) using the visual set of labels. Classification accuracy is comparable to the one
obtained using the entire spectrum
The RF classification results using five bands (centered at: 475, 560, 668, 717, and 840 nm; see Table 1) are
shown in the confusion chart of

Fig. 7 (a, b). It shows that minimizing the spectral data to these five bands slightly degrades the classifier
performance, with an accuracy of 78.5% and 65.1% for the biological and visual labels classification. The
TPR for SI and label ‘5’ are 85.8% and 88%, respectively.
Further reduction of the feature space to three wave length (‘R’, G’, and ‘B’ see Table 2), reduced the overall
classifier performance, as shown in
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Fig. 7 (c, d). The accuracy for the biological and visual labels was 54.8% for the former and 65.8% for the
latter. However, the TPR for the infected plants remained high- 77.7% for SI and 78.4% for the visual label
‘5’, making this simple setup suitable for simple tasks such as detection of fully sporulated YR.

(a)
(b)

(c)
(d)

Fig. 7 Classification by using 5 and 3 spectral bands for both labeling systems. (a) and (b): confusion
matrices obtained using 5 spectral bands that are available in a commercial agricultural drone sensor (ausing biological set of labels, b-using visual set of labels). Similarly (c) and (d) present the confusion
matrices using three spectral bands that are available in digital camera (c- using biological set of labels,
d-using visual set of labels)

Comparison: Levels of Predictor Spaces and Labeling Systems
Fig. 8 summarizes the results for the classification total accuracy (dashed line) and specific accuracy, i.e.
TPR (solid line), for both the biological labeling system (red) and the visual labeling system (black). The
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presented TPR are of the essential parameters– labels SI and '5' (early stages of sporulation). It shows that in
all cases the overall accuracy, i.e. correct classification of the diseases stage is lower than the TPR. Accuracy
of 77.7% was obtained with a multispectral camera. If one is interested in further simplification of the sensor,
and use an RGB sensor, the accuracy is unacceptable but the TPR is higher than 80% and may be useful. It
also shows that while the biological labeling system exhibits better performance for accuracy, the visual
labeling approach outperforms for the TPR.

Fig. 8 Accuracy, and true positive rates (TPR), obtained using four levels of predictor set: hyperspectral
(all 2151 wavelengths), predictor-selection (top 5% important); multi-spectral (5-bands), and RGB. The
accuracy reflects the total accuracy of the classification, and TPR is the true positive rate for visual label
‘5’ and biological label SI. Use the graph legend to follow the trace.
For timely detection of YR, the accuracy is less informative, and instead one must consider the ‘specific
accuracy’, or TPR, of the relevant leaves which are SI and label ‘5’. In this case, applying the biological state
of the leaf means that all stages of the disease get a single label. This gathers together leaves with various
stages of YR, from fully developed symptoms, to leaves with no apparent spectral signature of YR. This
results in lower TPR for the biological labeling system, due to the possibility for misclassifications of green
leaves at early non-symptomatic stages. Likewise, the above presented confusion matrices for the visual
labeling, the TPR improves as YR and HR symptoms are more sever. This is probably due to the presence of
green areas in all measured samples, which decreases as YR\HR symptoms appearing.

Discussion and Conclusions
Timely YR detection is essential for making economic decisions about disease management, in particular
fungicide applications. While many fungicides are sprayed as a preventative measure, some products can
reduce the severity of symptoms after the disease is developed (De Wolf 2010). For example, the triazole
class of fungicides is generally considered to have stronger curative activity and can be applied after the
disease is detected in the field (Basandrai et al. 2013). Therefore, if YR is observed early enough, and the
appropriate treatment is applied at the right time, further sporulation and spreading of YR within the field,
and to neighboring fields can be reduced or completely prevented, thus reducing the disease severity and
preserving yield. The detection of YR at early stages can also help to enable site-specific disease management
based on disease symptoms, rather than relying on unnecessary fungicide applications, which can reduce
costs and environmental impacts associated with their application (Jørgensen et al. 2014). Another relevance
of timely detection combined with a simple accessible means, is to fight the escalating YR epidemics
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(www.wheatrust.org), and confronting food and agriculture organization of the United Nations concerns of
rapid unexpected spread of rust diseases in wheat. As mentioned above, using resistant varieties is a common
and ecological way to defeat crop diseases. However, Pst pathogen can mutate and acquire virulence on
currently resistant wheat varieties. Thus, the ability to distinguish YR from HR is important. As seen from
Fig. 4Fig. 6, and

Fig. 7, the misclassifications between YR early stages (label 5) and HR stages (labels 2, 3) are negligible.
Throughout the confusion charts of these figures, these values of the intersection on row 5 and columns [2,
3] are low. This ensures that YR can be detected also in fields where resistant wheat varieties expressing HR
in response to Pst inoculation are planted.
The visual labeling system allows to describe the disease development critical stages, instead of using a single
label, hence it outperforms the biological labeling, as seen in Fig. 8. It is to be expected that this result will
improve by labeling the leaves with majority voting by multiple persons, due to the inconsistent nature of
human labeling. Additional disease stages (labels) are also to be considered. Also, one can see that RF
predictor selection based on importance, has only a slight effect on the performance. This predictor space
reduction is based on the RF classifier predictor importance ranking capabilities, which predicted the
importance of these specific wavelengths. Undeniably, the presented multi-spectral sensor was chosen for
agriculture needs as the red edge band (712-723 nm) is indicative of various stress symptoms in chlorophyllcontaining vegetation (Filella and Peñuelas 1994; Guo et al. 2018). The other bands apparently also contain
the spectral features of YR, as seen in Error! Reference source not found.b andFig. 5. This correspondence
explains why the decrease in TPR when using multi-spectral approach is minor, and justifies its technical
benefits described above. Although commercial digital camera channels were not designed for agricultural
considerations, RGB imagers were suggested for agricultural applications as a complimentary for other
spectral devices to develop SVI for disease severity estimation (Ashourloo et al. 2014a, 2014b), phenotyping
(Maimaitijiang et al. 2017), and also by using spatial information for YR diagnosis and grapes diseases
classification with image processing (Sandika et al. 2017; Xu et al. 2017). Franke and Menz (2007) also
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suggested to control the success of fungicide treatments, using classification of multispectral and multitemporal remote sensing of wheat diseases. However, their method is effective only at the advanced growth
stages, due to low spatial and temporal issues. Hence, short-range detection systems and remote sensing data
were suggested as complementary tools for precision agriculture applications. In the presented study, the
green appearance of healthy leaves, as well as stress in general and YR particularly, all have visible effects,
most of it are in the ‘G’ and ‘R’ channels of commercial RGB bands. Expanding the data by using spatial
information and image processing, the presented noticeable decrease when using only the RGB presented
bands can improve significantly.
The presented method of YR detection was developed based on the inoculation of wheat seedlings in a highlycontrolled laboratory environment. However, the reactions of seedling and adult wheat plants, as well as their
expression at laboratory and field conditions, can be different. Thus, evaluation of the proposed method at
the field conditions for adult wheat plants should be performed prior to its wide application. At this stage, it
is hard to compare the presented results, which are based on seedling reactions in controlled conditions, to
other methods of YR detection used in the field. Nevertheless, the presented method of YR detection that
uses simple means has potential advantage for application in small farms, which cannot afford satellite
imagine and use of other expensive and sophisticated equipment. Another point to be considered is that a
realistic scenario might involve large sample variations and interference from background materials, which
are irrelevant to the specific application. As a preliminary stage, the spectral response of red loam soil
collected in Ness-Ziona (Israel) was also measured and added to the data set, which resulted in 100% accurate
labeling of the soil with negligible to no effect on the wheat leaves classification success.
In scenarios when YR appears unanticipatedly on the varieties known to be resistant in the past, rapid
response and real-time actions are required for preventing further spread of the disease inside the plot, while
providing early warning to nearby plots. Due to the random nature of these situations, the described results
propose that plots and geographic locations that are not under constant monitoring, will have the ability to
detect YR early-stages by simple and available means, using machine-learning techniques. This work makes
a necessary step towards developing robust disease detection models that can be deployed in the field for
scouting, by characterizing and classifying rust in a controlled environment. When considering the trade-offs
between system simplicity and efficiency it seems that hyperspectral sensors will provide the ultimate
performance in terms of accurate classification of YR. Furthermore, it seems that such sensors will probably
be versatile and hence might be capable to detect other diseases. However, vast deployment of hyperspectral
sensors might be expensive compared to simpler sensors such as multispectral sensors. Hence, the
combination of multispectral sensors with hyperspectral sensors might provide both, good coverage and
performance. Extension of this study to other diseases, validation of the results in field experiments and
investigation of combinations of several sensors to find a good balance between system complexity and
efficiency, is a part of our on-going research.

Summary
This work examines the utilization of spectral data in several dimensions for the purpose of using low-cost
multispectral or RGB systems and presents preliminary results. The results showed reliable and high
detection rates of early stages of YR multi-spectral sensor, 12 days post Pst infection, by using RF classifier,
a robust classification algorithm. Furthermore, resistant infected plants expressing HR resistance, which
appear similar with some early stages of susceptible to YR plants, were distinguishable from the actual YR
development at susceptible wheat genotypes. These results are laying the foundation for high-throughput
YR screening in the field using autonomous vehicles and commercially available multispectral sensors as
part of an integrated pathogen management scheme that utilizes both, resistant varieties and precision
agriculture technologies for YR detection and monitoring.
Selecting the top 5% most important predictors for the RF classification have a minor effect on the classifier
performance. This is possible due to successful recognition of absorption bands of YR by RF as significant,
due to its contrast compared to the green background, which is common to all measurements. Further
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reduction in the number of predictors is advantageous for the application of simple and robust system. Thus,
the performance of an agricultural multi-spectral sensor with only five bands have been simulated and it
shows that accurate detection of YR using this simplified setup is possible. Preliminary results of using DSLR
camera has also been shown, and supplied reasonable results, that can be later used as a supplementary to the
imaged spatial data, which is part of future research.
Further study is required to apply the acquired knowledge to a system capable of sensing in a rapidly changing
environment, and for examining the most suitable analysis procedure with that system. It is predicted that
utilization of autonomous vehicles will continue to develop and expand due to the significant benefits in short
range monitoring upon satellite observations. Such mode of operation, i.e. autonomous vehicles and manual
photography, can benefit from information and communication technologies and the IOT revolution, when
every farmer is able to load data to a cloud by central effort benefit from incorporated learning through AI,
using affordable hardware.
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